Introduction
MRI tissue tagging [1] of the heart produces noninvasive markers within the muscle wall that can be used to measure motion and deformation (Fig. 1a) . However, the widespread use of tissue tagging has been limited by time-consuming image post-processing. This paper outlines a method for automatic 3D tracking of LV motion from 2D MRI images acquired from multiple views. Since the tags form a repetitive pattern in the images, the local phase can serve as a material property that can be tracked. We first derive displacement from local image phase, a quantity previously used for estimating disparity between two 2D images in stereo vision [2, 8] or to measure relative deformation, or strain [7] . Displacement estimates have also been used for least square fitting of a 2D affine motion model to angiography images [5] .
In the current work, we use phase-based displacement estimates to drive a 3D finite element deformable model of the left ventricle (LV). Our model enables reconstruction of 3D motion from 2D images and stabilization of the phase-derived displacement estimates, which are susceptible to noise and image artifacts. The basic framework for this model has been previously applied to 3D motion reconstruction of the right ventricles from user tracked tags [4, 3] . We here describe the geometry and constraints that enable phase-based displacement estimates to be used for automatically recovering 3D motion from tagged MR images.
Methods

1) Local Phase Estimation:
Given an ideal sinusoidal signal, the phase is the argument of the analytic signal. For real signals, we use separable quadrature filters to estimate the analytic signal [6] . In a quadrature filter the real and imaginary parts form a Hilbert pair which makes the filter magnitude response phase invariant. For each coordinate direction u in the frequency domain, the filter is:
where ρ is the magnitude andû is the unit direction u. In the spatial domain, we convolve the complex filter f with each pair of consecutive images I t , t = 1, 2 to obtain q t = f (u) * I t . The phase difference ∆φ = arg(q 1 * q 2 ) is calculated with certainty |q 1 * q 2 |. We estimate the displacement to be z = ∆φ 2π/λ , where λ is the tag pattern wavelength. By applying quadrature filters to three mutually perpendicular tagging patterns, we can obtain a field of 3D displacement vectors, z.
2) 3D FEM Deformable Model:
Fitting a solid finite element model to the phase-based displacement data ensures smoothness and enables 3D motion estimation. The model geometry is defined using contours traced in the initial, end-diastolic images (Fig. 1b) . The finite element formulation and equations governing the model dynamics are derived from the Lagrangian equations of motion [4, 9] :
where d is the nodal displacement and K is the finite element stiffness matrix. The external force f is a spring-like force designed to approximate the phase-derived displacement: f = z − d. The model is iteratively fit between successive image frames using adaptive Euler integration until all forces are minimized.
Results and Discussion
Convolution of the quadrature filters with the images resulted in images of the spatial distribution of local phase (Fig. 2a ). These two images were then used to estimate the displacement, shown in Fig. 2b .
In order to assess the accuracy of the fitting, we applied the technique to synthetic image data. This data was generated by prescribing a complicated displacement field for a 3D superquadric geometry and calculating the intersection of this model with simulated image planes. We found that the difference between reconstructed and prescribed nodal displacement was less than one third of the voxel dimension. The fitting technique was applied to images from several normal subject. We show a representative results Fig. 2c . By viewing intersection points of the model with the original image planes are drawn over the original images, we can see a close agreement.
In conclusion, we describe a phase-based method for fitting a 3D model to tagged MRI. The model allows for the regularization of the phase estimates and integration of motion information from multiple image planes. We found good results when applying the method to MR images of normal hearts.
